Flexible Alternating Current Transmission Systems (FACTS) devices have been proposed as an effective solution for controlling power flow and regulating bus voltage in electrical power systems, resulting in an increased transfer capability, low system losses, and improve stability. However to what extent the performance of FACTS devices can be brought out highly depends upon the location and the parameters of these devices. In this paper, we propose two Evolutionary Optimization Techniques, namely Differential Evolution (DE) and Genetic Algorithm (GA) to select the optimal location and the optimal parameter setting of TCSC which minimize the active power losses in the power network, and compare their performances. To show the validity of the proposed techniques and for comparison purposes, simulations are carried out on several power systems, a three-bus power system, a five-bus power system, and an IEEE-14 bus power system. The results, we have obtained, indicate that DE is an easy to use, fast, robust and powerful optimization technique compared with genetic algorithm (GA). The results are presented in the paper together with appropriate discussion.
Introduction
With ever-increasing demand for electricity, the power transfer grows, consequently the power system becomes increasingly more difficult to operate, and more insecure with unscheduled power flows and higher losses. With the rapid development of self-commutated semiconductor devices, it is possible to design power electronic equipments known as the Flexible AC Transmission Systems (FACTS)-devices. Such kinds of devices are introduced in 1988 by Hingorani [1] . The objective of using FACTS devices in power system is to bring systems under control and to transmit power according to the ordered of the control centers. These devices also allow the increasing of the usable transmission capacity to its maximum thermal limits. By using FACTS devices, it is also possible to control the phase angle, the voltage magnitude at chosen buses and /or line impedances of a transmission system.
Among the FACTS devices, TCSC is one of the most effective measures for increasing the transfer capability of the transmission system, enhancing the stability and ameliorating the dynamic characteristics of power system. However, to achieve the over mentioned benefits, the TCSC should be properly installed in the network with appropriate parameters.
For this reason, some performance index must be satisfied. Following factors can be considered in the optimal installation and the optimal parameter of TCSC, the active power loss reduction, the stability margin improvement, the power transmission capacity increasing and the power blackout prevention. Therefore, conventional power flow algorithm [2] , should incorporate with TCSC considering one or all of the above mentioned factors.
In the last two decades, new algorithms have been developed for the optimal power flow incorporating with TCSC device as well as for the optimal placement of TCSC. A Newton-Raphson load flow algorithm to solve power flow problems in power system with thyristor controlled series capacitor (TCSC) was proposed in [3] , [4] . Reference [5] suggested a real power flow performance index sensitivity to obtain the optimal placement of TCSC. Genetic Algorithm was proposed for solving the optimal location of FACTS in [6] - [10] . Differential Evolution Optimization technique for optimal location of FACTS devices was also proposed in [11] , [12] . This paper deals with the application of Differential Evolution (DE) and Genetic Algorithm (GA) for the optimal location and parameter setting of the TCSC with the consideration of active power loss reduction in the power system.
Problem Formulation
As the main objective of this work is to determine the optimal location and the optimal parameter setting of the TCSC in the power network to minimize the loss of the power system, the following performance index is selected:
Subject to the following equality constraints:
and following inequality constraints: is the thyristor firing angle.
Methodologies for optimal location of TCSC

A. 3.1 Overview of Differential Evolution (DE)
DE is a parallel direct search method proposed by Storn and Price in 1995 [13] . Similar to other EAs techniques, DE is a heuristic, population-based optimization method that uses a population of points to search for a global minimum of a function over continuous search space.
Basically, DE generates new vectors of parameters by adding the weighted difference between two population vectors to a third one. If the resulting individual provides a smaller objective function value than a predetermined population individual, in the next generation the new individual replaces the one with which it is compared; otherwise, the old individual is retained. There are several variants of DE, [14] , [15] . The general notation of DE variants can be expressed as follows: / / / DE x y z Where x denotes the mutated vector, y is the number of difference vectors, and z is the crossover scheme.
The advantage of DE can be summarized as follows [14] , [16] : DE is an effective, fast, simple, robust, inherently parallel, and has few control parameters need little tuning. It can be used to minimize non-continuous, non-linear, non-differentiable space functions, also it can work with noisy, flat, multi-dimensional, and time dependent objective functions and constraint optimization in conjunction with penalty functions.
1) DE-based optimal location and parameter setting of TCSC
The step by step implementation of DE algorithm can be described as follows:
Step I. initialize power flow data, and DE related parameters such as the size of population ( ) NP , the maximum number of iteration or generation ( ) max G , the number of variables to be optimized ( ) D , , CR and F .
Step II. randomly generate the initial population of NP individuals in the feasible space by:
Considering the variables that should be optimized (i.e., the location and the parameter setting of TCSC). These parameters are randomly initialized within feasible ranges. Therefore, all the solutions are feasible solutions and the goal is to find the optimal one. For example, the location of TCSC can be any line in the network except where the transformers are installed.
Step III. evaluate the fitness for each individual in the population according to the objective function in (1).
Step IV. create a new population by: 1-Mutation: randomly choose three different vectors from the current population and generate a trial vector by:
2-Crossover: for each , X i G to get new vector , u i G use: Use:
, ( 1) , ( 1) , ) , ( 1) ,
Step V: stop the process and print the best individual (optimal location and optimal parameter setting of TCSC) if the stopping criterion is satisfied, else go back to step IV.
B. 3.2 Overview of GA
Genetic algorithm is a kind of stochastic search techniques based on the mechanism of natural selection and survival of the fittest [17] , [18] . Further, it combines the function evaluation with the randomized and/or well-structured exchange of information among the solutions to arrive at a global optimum. More importantly, GA appears attractive because of its superior robust behavior in nonlinear environments over the other optimization techniques. The architecture of the GA implementation can be segregated into the following three constituent phases namely: initial population generation, fitness evaluation and genetic operations.
1) A Brief Outline of GA Computational Tasks
The GA control parameters, such as population size, crossover probability and mutation probability are selected, and an initial population of floating strings of finite length is randomly generated. Each of these individuals, comprising a number of chromosomes, represents a feasible solution to the search problem. Basically, average minimum and maximum fitness of all individuals within a generation are computed. If a pre-defined convergence criterion is not satisfied, then the genetic operations comprising selection and reproduction, crossover and mutation are carried out.
Fundamentally, the selection and the reproduction mechanism attempt to apply pressure upon the population in a manner similar to that of the natural selection found in biological systems. A new population is created with worse performing individuals eliminated whilst the most highly fit members in a population are selected to pass on information to the next generation. In this work, the selection function called deterministic sampling selection is adopted. The method ensures that the bigger fitness individuals are remaindered into the next generation. Conceptually, pairs of individuals are chosen at random from the population and the fit of each pair is allowed to mate. Each pair of mates creates a child having some mix of the two parents.
2) An Advanced Computational Refinement of GA:
The crossover previously mentioned is the kernel of genetic operations. It promotes the exploration of new regions in the search space using randomized mechanism of exchanging information between strings. Two individuals previously placed in the mating pool during reproduction are randomly selected. A crossover point is then randomly selected and information from one parent up to the crossover point is exchanged with the other parent. This is specifically illustrated below for the used simple crossover technique, which was adopted in this work.
Parent 1: 1011 1110 offspring 1: 10111011 Parent 2: 1010 1011 offspring 2: 1010 1110 Another process also considered in this work is the mutation process of randomly changing encoded bit information for a newly created population individual. Mutation is generally considered as a secondary operator to extend the search space and cause escape from a local optimum when used prudently with the selection and crossover schemes.
Simulation results
For the validation of the proposed techniques, both of GA and DE algorithms have been tested on the following three test systems, a 3-Bus system (shown in Fig.1 ), a 5-Bus system (shown in Fig.2 ) and an IEEE-14 bus system (shown in Fig.3 ). The data for above mentioned systems is taken from [19] , [20] , and [21] respectively. A Matlab Code for both techniques, and modified power flow algorithm to include TCSC was developed for simulation purposes. 
A. 4.1 Implementation of GA
The proposed algorithm was implemented to find the optimal location and proper setting of the TCSC. Simple Crossover, deterministic sampling selection, and non uniform mutation have been adopted for the used GA. The other GA parameters are presented in Table I . In this study, the location and the reactance of the TCSC were considered as variables optimized to reduce the system losses. Therefore, the TCSC is modeled for the load flow computation like a controllable reactance inserted in the system branch, which can increase or decrease the line reactance. The working reactance range of the TCSC was considered to be [-0.05, 0.05].
For the considered three-bus, five-bus and IEEE-14 bus systems, the GA was applied in two simulation cases. The simulation was done with an initial population having 30 individuals with a maximum generation number equal to 30 and 50 respectively, the results are shown as follows:
1) Three-Bus Test System
From the simulation result, it is found that the optimal location to use the TCSC for this system is in line one (from bus 1 to bus 3) and the TCSC reactance 0.0220 csc x t . Power loss minimization for 30 generation case is shown in Fig.4 . Simulation results for voltage magnitude, phase angles, active and reactive power losses with the TCSC for this system are shown in Table II . 
2) Five-Bus Test System
For the five-bus test system, simulation results showed that the optimal placement of the TCSC is in line number one (from bus 1 to bus 2) and the TCSC reactance 0.001 csc x t . Table  III . 
3) IEEE-14 Bus Test System
Simulation result shown that the optimal location of TCSC in this system is in line number three (from bus 2 to bus 3) and the TCSC reactance 0.042 csc x t .
Power loss minimization is shown in Fig.6 . Table IV shows simulation results for voltage magnitude, phase angles, active and reactive power losses with the TCSC for this system. 
B. 4.2 Implementation of DE Differential Evolution
Optimization technique is also implemented in two numbers of generation 30, and 50, to find out the optimal location and parameter setting of the TCSC. The DE parameters utilized in this simulation are shown in Table V . The results are shown as follows: 
1) Three-Bus Test System
The optimal placement of TCSC for this system was found to be in line one (from bus 1 to bus 3) and the TCSC reactance 0.0226 csc x t . Power loss minimization for 30 generation case is shown in Fig.7 . Voltage magnitudes, phase angles, active and reactive power losses with the TCSC for the system are shown in Table VI . Table VII shows the average, worst, and best values of the objective function in this system using TCSC in the optimized location obtained by DE after 30 trials for different initial parameter values of DE. Table VII 
2) Five-Bus Test System
Line number one (from bus 1 to bus 2) was found to be the optimal placement of the TCSC for the system and the TCSC reactance 0.0016 csc x t .Power loss minimization is shown in Fig.8 , voltage magnitude, phase angles, active and reactive power losses with the TCSC for 50 generation case are shown in table VIII. Table IX shows the average, worst, and best solutions for DE technique in this system. Table IX 
3) IEEE-14 Bus Test System
The optimal placement of the TCSC for this system is in line number three (from bus 2 to bus 3) and the TCSC reactance 0.05 csc x t . Table X shows the voltage magnitude, phase angles, active and reactive power losses with TCSC for 50 generation, and Fig. 9 shows the Power loss minimization for 50 generation case. From the obtained results it was observed that the unique advantages of these techniques (GA and DE) are, on one hand, their capability of finding the global optimal solution to the optimal location and parameter settings of TCSC problem, on the other hand, they don't suffer from the extant computational complexity and other limiting mathematical assumptions that the traditional optimization techniques suffered from.
Comparisons between the performance of DE, and GA techniques
From the simulation results, we found that the applied DE technique is outstanding, suitable, and efficient for the considered optimization problem.
In the following, we summarize the main observations that we have noticed from the implementation results:
(a) In general, DE is simple, accurate, and robust. It convergence fast and finds the global optimum almost in every run. In addition, it has few parameters to tune, and the same settings can be used for many different problems.
(b) From the convergence perspective, it is observed that DE outperforms GA. DE is able to achieve good results consistently with fast performance. It finds the smallest value of the objective function in all studied cases. If the computational time is not important, GA always achieves good solutions. When the computational time is considered as the priority, DE is the good choice.
(c) From the perspective of convergence speed, it is observed that DE is always faster than GA. (d) DE and GA are robust techniques: the performed 30, 50 trials show that DE and GA can achieve the same results consistently over many trials.
(e) DE uses real number representation while the conventional GA uses binary, although it sometimes uses integer or real number representation as well.
(f) In GA, two parents are selected for crossover and the child is a recombination of the parents. In DE, three parents are selected for crossover and the child is a perturbation of one of them.
(g) The new child in DE replaces a randomly selected vector from the population only if it is better than it. In conventional GA, children replace the parents with some probability regardless of their fitness.
(h) In DE, the difference vector is created on the basis of randomly extracted individuals that partially present the population state.
(i) A random choice of the vector of differentiation produces many useless steps in the global neighborhood, and a local search is needed at the end of optimization.
(j) Both DE and GA are sensitive to the control parameters.
Conclusion
In this paper, the effectiveness of the optimal installation of TCSC for minimizing the active power losses in power system has been investigated. One of the newest computational intelligence techniques, namely: DE has been successfully applied to the problem under consideration. The performance of DE is compared with that of GA. With the above proposed algorithms, it is possible for utility to place TCSC in the transmission line such that proper power planning can be achieved with minimum system losses. The result for the three tested power systems showed that both DE and GA techniques can easily find out the optimal location and the best parameters of the TCSC, but DE technique has superior features including high-quality solution, stable convergence characteristics, and good computation efficiency.
